Background: To quantify the variability among centers and to identify centers whose performance are potentially outside of normal variability in the primary outcome and to propose a guideline that they are outliers. Methods: Novel statistical methodology using a Bayesian hierarchical model is used. Bayesian methods for estimation and outlier detection are applied assuming an additive random center effect on the log odds of response: centers are similar but different (exchangeable). The Intraoperative Hypothermia for Aneurysm Surgery Trial (IHAST) is used as an example. Analyses were adjusted for treatment, age, gender, aneurysm location, World Federation of Neurological Surgeons scale, Fisher score and baseline NIH stroke scale scores. Adjustments for differences in center characteristics were also examined. Graphical and numerical summaries of the between-center standard deviation (sd) and variability, as well as the identification of potential outliers are implemented.
Background
It is important to determine if treatment effects and/or other outcome differences exist among different participating medical centers in multicenter clinical trials. Establishing that certain centers truly perform better or worse than others may provide insight as to why an experimental therapy or intervention was effective in one center but not in another and/or whether a trial's conclusions may have been impacted by these differences. For multi-center clinical trials, identifying centers performing on the extremes may also explain differences in following the study protocol [1] . Quantifying the variability between centers provides insight even if it cannot be explained by covariates. In addition, in healthcare management, it is important to identify medical centers and/or individual practitioners who have superior or inferior outcomes so that their practices can either be emulated or improved.
Determining whether a specific medical center truly performs better than others can be difficult and/or misleading. Each center enrolls a different patient population, has different standard of care, the sample size varies between centers and is sometimes small. Spiegelhalter recommended using funnel plots to compare institutional performances [2] . Funnel plots are especially useful when sample sizes are variable among centers. When the outcome is binary, the good outcome rates can be plotted against sample size as a measure of precision. In addition, 95% and 99.8% exact frequentist confidence intervals are plotted. Centers outside of these confidence bounds are identified as outliers. However, since confidence intervals are very large for small centers, it is almost impossible to detect a center with a small sample size as an outlier or potential outlier using frequentist methods.
Bayesian hierarchical methods can address small sample sizes by combining prior information with the data and making inferences from the combined information. The Bayesian hierarchical model borrows information across centers and thus, accounts appropriately for small sample sizes and leads to different results than the frequentist approach without a hierarchical mixed effects model. A frequentist hierarchical model with components of variance could also be used and also borrows information; however frequentist point estimates of the variance may have large mean square errors compared to Bayesian estimates [3] .
The aim of this study is to demonstrate the application of Bayesian methods to determine if outcome differences exist among centers, and if differences in center-specific clinical practices predict outcomes. The variability among centers is also estimated and interpreted. To do so, we utilized data from the Intraoperative Hypothermia for Aneurysm Surgery Trial (IHAST [4] ). Specifically, we determined, using a Bayesian mixed effects model, whether outcome variability among IHAST centers was consistent with a normal distribution and/or whether outcome differences can be explained by characteristics of the centers, the patients, and/or specific clinical practices of the various centers.
Methods

Frequentist IHAST methods
IHAST was a prospective randomized partially blinded multicenter clinical trial (1001 subjects, 30 centers) designed to determine whether mild intraoperative systemic hypothermia (33°C), compared to normothermia (36.5°C), resulted in improved neurologic outcome in subjects with an acute subarachnoid hemorrhage (SAH) undergoing surgery (open craniotomy) to treat a ruptured intracranial aneurysm [4] . A large number of subject and clinical variables were recorded prior to randomization including age, gender, race, World Federation of Neurological Surgeons (WFNS) class, amount of subarachnoid blood (Fisher score), aneurysm size and location, and pre SAHmedical conditions. The details and results of the primary study [4] , and subsequent secondary analyses have been previously published [5] [6] [7] [8] [9] . The primary outcome measure was the modified Glasgow Outcome Score (GOS) determined 3 months after surgery. The GOS is a fivepoint functional outcome scale which ranges between 1 (good outcome) and 5 (death) [10] . The primary result of IHAST was that intraoperative hypothermia did not affect neurological outcome: 66% (329 / 499) good outcome (GOS = 1) with hypothermia vs. 63% (314 / 501) good outcome with normothermia, odds ratio (OR) = 1.15, 95% confidence interval: 0.89 to 1.49 [4] .
In IHAST, the randomized treatment assignment (intraoperative hypothermia vs. normothermia) was stratified by center such that approximately equal numbers of patients were randomized to hypothermia and normothermia at each participating center. The number of patients contributed by each center ranged between 3 and 93 (median = 27 patients). A conventional funnel plot showing the proportion of patients with good outcomes by center vs. the number of patients contributed by those centers is implemented.
Bayesian methods in general
Bayesian inference interprets probability as a degree of belief, and unknown parameters are random variables with prior probability distributions. For example, in IHAST a prior belief was held that the probability of a good outcome would be around 70% and this probability might range from as low as 30% in one center and as high as 90% in another. This information is used to construct the prior distribution of the between-center variance. Bayesian methods require that careful attention is paid to the choice of prior distribution [11] and a sensitivity analysis is recommended [12] .
The Bayesian approach combines prior information with the clinical trial data and makes inference from this combined information [11, 13] . Accordingly, when new clinical trial data become available, the probability distributions are updated, using Bayes theorem, to give a posterior distribution. In contrast, in the traditional approach, probability is interpreted as a long run frequency, giving rise to the terminology "frequentist" inference.
Bayesian methods applied to the IHAST trial A Bayesian hierarchical generalized linear model was used for the log odds of a good outcome (defined as a 3-month GOS score of 1). The center effects are additive in the log odds of a good outcome at the different centers and are assumed to be randomly sampled from a normal population; hence they are expected to be different in each center, but similar. In probabilistic terms, this property of "different but similar" is defined as "exchangeable" [14, 15] . With the exchangeability assumption, it is assumed a priori that good outcome rates for all centers are a sample from the same distribution, and beliefs are invariant to ordering or relabeling of the centers. With the hierarchical model assumption, each center borrows information from the corresponding data of other centers [16] . This is called a shrinkage effect towards the population mean and, as will be shown, this can be especially beneficial when there are small sample sizes in some centers.
As in all prior IHAST publications [5] [6] [7] [8] [9] , a set of 10 standard covariates were used when exploring the impact of any variable on outcome: preoperative WFNS score (WFNS = 1 or WFNS >1), age (on the continuous scale), gender, Fisher grade on first CT scan, post-SAH National Institute of Health Stroke Scale score (NIHSS), aneurysm location (posterior vs anterior), race, aneurysm size, history of hypertension, and interval from SAH to surgery. These were chosen because of either their demonstrated association with outcome in IHAST or because previous studies had shown them to be associated with outcome following SAH. This set of covariates is included as predictor variables as is treatment assignment (hypothermia vs. normothermia).
In the IHAST 1001 patients were enrolled and randomized, with complete data and follow up is available on 940 subjects. The data set for the 940 subjects is therefore used here.
Let n jk denote the number of subjects assigned to treatment j in center k and X ijk be the values of the covariates for the i th subject in the j th treatment group at the k th center (i = 1,. . .,n jk , j = 1,2, k = 1,. . .,30). Let y ijk = 1 denote a good outcome (GOS = 1) for i th subject in j th treatment in center k and y ijk = 0 denote GOS >1 for the same subject. Also let β be the vector of covariates including the intercept μ and coefficients β 1 to β 11 for treatment assignment and the 10 standard covariates given previously. Conditional on the linear predictor x T i β and the random center effect δ k , y ijk are Bernoulli random variables. Denote the probability of a good outcome, y ijk = 1, to be p ijk . The random center effects (δ k, k = 1,. . .,30) conditional on the value σ e are assumed to be a sample from a normal distribution with a mean of zero and sd σ e . This assumption makes them exchangeable: δ k | σ e~N ormal (0, σ 2 e ). The value σ e is the between-center variability on the log odds scale. The point estimate of σ e is denoted by s. The log odds of a good outcome for subject i assigned to treatment j in center k are denoted by θ ijk = logit(p ijk ) = log(p ijk /(1 -p ijk )) (i = 1,. . ., n jk , j = 1,2, k = 1,. . .,30).
A model with all potential covariates is
and can also be written as follows:
where μ is the intercept in the logit scale: β 1 to β 11 are coefficients to adjust for treatment and 10 standard covariates that are given previously and in Appendix A.1. Backward model selection is applied to detect important covariates associated with good outcome [17, 18] . Covariates are deemed important by checking whether the posterior credible interval of slope term excludes zero. Models are also compared based on their deviance information criteria (DIC) [19] . DIC is a single number describing the consistency of the model to the data. A model with the smaller DIC represents a better fit (see Appendix A.2). Once the important main effects are found, the interaction terms for the important main effects are examined. A model is also fit using all the covariates.
Prior distributions modified from Bayman et al. [20] are used and a sensitivity analysis is performed. Prior distributions for the overall mean and coefficients for the fixed effects are not very informative (see Appendix A.3). The prior distribution of the variance σ e 2 is informative and is specified as an inverse gamma distribution (see Appendix A.3) using the expectations described earlier. Values of σ e close to zero represent greater homogeneity of centers.
The Bayesian analysis calculates the posterior distribution of the between-center standard deviation, diagnostic probabilities for centers corresponding to "potential outliers", and graphical diagnostic tools. Posterior point estimates and center-specific 95% credible intervals (CI) of random center effects (δ k ) are calculated. A guideline based on interpretation of a Bayes Factor (BF) [14] is proposed for declaring a potential outlier "outlying". Sensitivity to the prior distribution is also examined [19] .
Specific bayesian methods to determine outlying centers
The method in Chaloner [21] is used to detect outlying random effects. The method extends a method for a fixed effects linear model [22] . The prior probability of at least one center being an outlier is set to 0.05, and because there are 30 centers, this leads to a definition of an outlying center as one where the magnitude of the random center effect, δ k , is greater than 3.137σ e in absolute value (Appendix A.4) . The corresponding prior probability of a specific center being an outlier is 0.0017: Pr(center k is an outlier) = 2 *Φ(−3.137) [22] , where Φ(z) is the standard normal distribution function.
The posterior probabilities of center k being an outlier: Pr(center k is an outlier | y) are calculated from the joint posterior distribution of δ k and σ e [22] . The Bayes factor is also calculated for each of the 30 centers to quantify and interpret the strength of evidence. The BF for center k is defined as follows:
The BF for at least one of the 30 centers being an outlier is also calculated. The proposed method for interpreting the results is that centers where the posterior probability of being an outlier is larger than the prior probability are "potential outliers". In addition, if BF k is less than 0.316 then there is "substantial evidence" for center k being outlying [14] . Similarly if the BF for there being at least one outlying center is less than 0.316 there is substantial evidence for at least one outlying center.
Bayesian methods regarding other determinants of outcome
In addition to determining if the treatment effect (hypothermia vs. normothermia) differed among any of the 30 IHAST centers and to illustrate our approach on different settings, Bayesian outlier detection methods were applied to determine whether other center-specific subgroups (e.g. number of subjects, geographic location, various clinical practices like nitrous oxide use and temporary clipping) had an effect on outcome (GOS 1 vs. GOS >1).
To determine if the number of subjects enrolled at a center predicted outcome, IHAST centers were categorized post hoc by number of enrolled subjects. Let n k = n 1k + n 2k and classify centers as either very large (n k ≥ 69 subjects; 3 centers, 248 subjects), large (56 ≤ n k ≤ 68 subjects; 4 centers, 228 subjects), medium (31 ≤ n k ≤ 55 subjects, 7 centers, 282 subjects)) and small (n k < 31 subjects, 16 centers, 242 subjects). To determine if geographic location predicted outcome, IHAST centers were categorized post hoc as being either North American (US and Canada, 22 centers, 637 subjects) or non-North American (Europe, Australia, New Zealand, 8 centers, 363 subjects). To determine if there was evidence of "learning" over the entire course of the study, outcomes of the first 50% of subjects enrolled in the study (all centers) were compared with outcomes from the second 50% of subjects enrolled (all centers). Similarly, within each center, the outcomes of first 50% subjects were compared to the second 50%.
There are a number of clinical practices which vary among centers that are hypothesized, but not proven, to affect outcome in patients with aneurysmal subarachnoid hemorrhage, such as electrophysiological monitoring, electroencephalography or somatosensory evoked potentials [23] , nitrous oxide use [5] , temporary clipping [6] , etc. Centers and/or individual practitioners tend to either embrace these practices (high use) or reject them (low use). Accordingly, Bayesian techniques were used to examine the clinical effect of one anesthetic practice (nitrous oxide use) and one surgical practice (temporary clipping). To determine if the frequency of nitrous oxide use affected outcome, centers were categorized as to their use of nitrous oxide as either low (≤25% of the cases, 13 centers), medium (26% to 74% of cases, 8 centers) or high (≥75% of cases, 9 centers). In addition, the effect of the nitrous oxide use was explored at the individual subject level (yes, 627 subjects; no, 373 subjects). Finally, the effect of the use of temporary clipping during aneurysm surgery was compared among centers. Centers were categorized as to their frequency of use of temporary clips as low: (≤30% of cases; 6 centers), medium: (30% to 69% of cases; 21 centers) and high: (≥70% or more of case; 3 centers). The effect of temporary clipping at the individual subject level (yes, 441 subjects; no, 553 subjects) was also examined.
Plots are obtained by R [24] , and Bayesian analyses are performed with the WinBUGS [25] program. Model convergence is checked by Brooks, Gelman, Rubin diagnostics plots [26] , autocorrelations, density and history plots. A sensitivity analysis is performed. Figure 1 gives the funnel plot [2] for IHAST by center. In this plot, center sizes (n k ) are plotted against the proportion of good outcome for each center and 95% and 99.8% exact binomial confidence intervals are provided. The horizontal line on the funnel plot represents the overall weighted fixed effect good outcome rate (66%). Centers outside of the 95% and 99.8% confidence bounds are identified as outliers. Accordingly, using this method, IHAST centers 26 and 28 would be identified as outliers, performing less well than the rest of the centers, with good outcome rates of 51% and 42%, respectively. However, importantly, patient and center characteristics are not taken into account in this plot.
Results
Frequentist analysis
Bayesian analysis
A Bayesian hierarchical generalized linear model is fit taking into account the 10 potential covariates and the treatment effect in the model. Covariates are given earlier (see also Appendix A.1). Considering all possible models, the DIC indicates that pre-operative WFNS, Fisher grade on CT scan, pre-operative NIH stroke scale score, aneurysm location (anterior / posterior) and, age should be included in the model. For completeness, gender and treatment are also included as covariates (Appendix A.5). The best model according to DIC adjusts for the main effects of treatment (hypothermia vs. normothermia), WFNS score, gender, Fisher grade on CT scan, pre-operative NIHS stroke scale score, aneurysm location (anterior /posterior), age, center and the interaction of age and pre-operative NIH stroke scale. In this model the log odds of a good outcome for the i th subject assigned the j th treatment in center k is:
The model with the posterior means substituted as estimates for the coefficients is: There is no evidence of an important treatment effect (hypothermia vs. normothermia). Centers have either greater good outcome rates in both hypothermia and normothermia groups, or lower good outcome rate in both treatment groups (data is not shown). The treatment effect (hypothermia vs. normothermia) within each center was very small. It should be also noted that, when all the potential covariates are included in the model, the conclusions are essentially identical.
In Figure 2 centers are sorted in ascending order of numbers of subjects randomized. For example, 3 subjects were enrolled in center 1 and 93 subjects were enrolled in center 30. Figure 2 shows the variability between center effects. Consider a 52-year-old (average age) male subject with preoperative WFNS score of 1, no pre-operative neurologic deficit, pre-operative Fisher grade of 1 and posterior aneurysm. For this subject, posterior estimates of probabilities of good outcome in the hypothermia group ranged from 0.57 (center 28) to 0.84 (center 10) across 30 centers under the best model.
The posterior estimate of the between-center sd (σ e ) is s = 0.538 (95% CI of 0.397 to 0.726) which is moderately large. The horizontal scale in Figure 2 shows ± s, ±2 s and ±3 s. Outliers are defined as center effects larger than 3.137σ e and posterior probabilities of being an outlier for each center are calculated. Any center with a posterior probability of being an outlier larger than the prior probability (0.0017) would be suspect as a potential outlier. Centers 6, 7, 10 and 28 meet this criterion; (0.0020 for center 6, 0.0029 for center 7, 0.0053 for center 10, and 0.0027 for center 28). BF's for these four centers are 0.854, 0.582, 0.323 and 0.624 respectively. Using the BF guideline proposed (BF < 0.316) the hypothesis is supported that they are not outliers [14] ; all BF's are interpreted as "negligible" evidence for outliers.
The prior probability that at least one of the 30 centers is an outlier is 0.05. The joint posterior probability that at least one of the 30 centers is an outlier is 0.019, which Figure 1 Funnel plot, frequentist, no adjustment for other covariates.
is less than the prior probability of 0.05. Both individual and joint results therefore lead to the conclusion that the no centers are identified as outliers.
Under the normality assumption, the prior probability of any one center to be an outlier is low and is 0.0017 when there are 30 centers. In this case, any center with a posterior probability of being an outlier larger than 0.0017 would be treated as a potential outlier. It is therefore possible to identify a center with a low posterior probability as a "potential outlier". The Bayes Factor (BF) can be used to quantify whether the relative change from the prior probability of being outlier to the posterior probability is large enough to categorize a center as an outlier.
The use of Bayesian analysis methods demonstrates that, although there is center to center variability, after adjusting for other covariates in the model, none of the 30 IHAST centers performed differently from the other centers more than is expected under the normal distribution. Without adjusting for other covariates, and without the exchangeability assumption, the funnel plot indicated two IHAST centers were outliers. When other covariates are taken into account together with the Bayesian hierarchical model those two centers were not, in fact, identified as outliers. The less favorable outcomes in those two centers were because of differences in patient characteristics (sicker and/or older patients).
Subgroup analysis
When treatment (hypothermia vs. normothermia), WFNS, age, gender, pre-operative Fisher score, preoperative NIH stroke scale score, aneurysm location and the interaction of age and pre-operative NIH stroke scale score are in the model and similar analyses for outcome (GOS1 vs. GOS > 1) are performed for four different categories of center size (very large, large, medium, and small) there is no difference among centers-indicating that patient outcomes from centers that enrolled greater numbers of patients were not different than outcomes from centers that enrolled the fewer patients. Our analysis also shows no evidence of a practice or learning effect-the outcomes of the first 50% of patients did not differ from the outcomes of the second 50% of patients, either in the trial as a whole or in individual centers. Likewise, an analysis of geography (North American vs. Non-North American centers) showed that outcomes were homogeneous in both locations. The analysis of outcomes among centers as a function of nitrous oxide use (low, medium or high user centers, and on the patient level) and temporary clip use (low, medium, or high user centers and on the patient level) also found that differences were consistent with a normal variability among those strata. This analysis indicates that, overall, differences among centers-either in their size, geography, and their specific clinical practices (e.g. nitrous oxide use, temporary clip use) did not affect patient outcome.
Sensitivity analysis
As a sensitivity analysis, Figure 3 shows the posterior density plots of between-center standard deviation, σ e , for each of 15 models fit. For the first four models, when non important main effects of race, history of hypertension, aneurysm size and interval from SAH to surgery are in the model, s is around 0.55. The point estimate s is consistently around 0.54 for the best main effects model and the models including the interaction terms of the important main effects. In conclusion, the variability between centers does not depend much on the covariates that are included in the models. When other subgroups (center size, order of enrollment, geographical location, nitrous oxide use and temporary clip use) were examined the estimates of between subgroup variability were similarly robust in the corresponding sensitivity analysis.
In summary, the observed variability among centers in IHAST has a moderately large standard deviation (σ e = 0.538, 95% credible interval for σ e 0.397 to 0.726). No center was declared an outlier and no center-specific or other subgroups were associated with outcome. Sensitivity analyses give similar results.
Discussion
Although IHAST centers differed in geographic location, experience, and in clinical practices, none of these differences were associated with important differences in outcome. This suggests that although there is moderately large variability among centers, center-specific variations in patient management (specifically, nitrous oxide use or temporary clipping) did not greatly affect outcome. If variations in patient management affected outcome, it would be expected that centers with higher enrollment would, as a result of learning, have better outcomes. However, they did not. Likewise, if clinical practices affected outcome, one would expect that outcomes would improve over time as a result of learning. However, our results showed that learning (first 50% vs last 50% of subjects to enroll) did not occur and the magnitude of enrollment did not impact outcome. Outcome was however determined in part by patient characteristics such as WFNS, age, pre-operative Fisher score, pre-operative NIHSS stroke scale score, and aneurysm location. Although centers differ in their size, location, and clinical practices, the disease and/or patient characteristics predict patient outcome in this condition.
The greatest advantage of Bayesian techniques over non-hierarchical frequentist methods is its ability to address small sample sizes in some centers. When the stratum-specific sample sizes are small, the hierarchical Bayesian method is especially helpful because Figure 3 The posterior density plot of the between-center standard deviation, σ e, for 15 models with variables selected from treatment, age, gender, perioperative WFNS score, baseline NIHHS score, history of hypertension, Fisher grade on CT scan, aneurysm location, aneurysm size, interval from SAH to surgery, and center.
information for all centers is averaged with information for a particular center, and weight put on the center specific data proportional to the sample size in the center. Consequently, centers with fewer subjects have less weight put on their center-specific data than do centers with more subjects. Infinite estimates and unbounded confidence intervals arise using only data from subjects in each center to and a frequentist fixed effects model estimate center specific effects, but are avoided using the Bayesian hierarchical model. For example, center 1 enrolled only three subjects: two in the hypothermia group and one in the normothermia group. In the hypothermia group, both patients had an unfavorable outcome, and in the normothermia group the single patient had a good outcome. In this case, the frequentist estimate of the log odds of good outcome for center 1 using only the data from center 1 is infinite and has irregular properties. An alternative practice to avoid infinite estimates is to combine small centers, or to exclude centers with all good outcomes or unfavorable from the analysis [27] . This approach detracts from most preplanned statistical analyses and may reduce the effective sample size. For an intention-to-treat analysis it is essential to include all centers. With the Bayesian approach, and an exchangeability assumption, center estimates are averaged with the overall mean estimate ignoring centers [19] . Extreme center results are therefore systematically adjusted towards the overall average results. As can be seen from Figure 2 , the Bayesian estimate of the posterior log odds of good outcome for center 1 uses information from all other centers and has a much narrow range than the frequentist confidence interval. Even if 100% good outcome rate is observed in center 1, this center is not identified as an outlier center because of the small sample size in this center (n = 3). This center does not stand alone and the center-specific estimate borrowed strength from other centers and shifted towards the overall mean.
In the IHAST, two centers (n 26 = 57, n 28 = 69) were identified as outliers by the funnel plot but with the Bayesian approach leading to shrinkage, and also adjustment for covariates they were not declared as outliers. Funnel plots do not adjust for patient characteristics. After adjusting for important covariates and fitting random effect hierarchical Bayesian model no outlying centers were identified.
With the Bayesian approach, small centers are dominated by the overall mean and shrunk towards the overall mean and they are harder to detect as outliers than centers with larger sample sizes. A frequentist mixed model could also potentially be used for a hierarchical model. Bayman et al. [20] shows by simulation that in many cases the Bayesian random effects models with the proposed guideline based on BF and posterior probabilities typically has better power to detect outliers than the usual frequentist methods with random effects model but at the expense of the type I error rate.
Prior expectations for variability between centers existed. Not very informative prior distributions for the overall mean, and covariate parameters with an informative distribution on σ e are used.
The approach proposed in this study is applicable to multiple centers, as well as to any other stratification (group or subgroup) to examine whether outcomes in strata are different. Anesthesia studies are generally conducted in a center with multiple anesthesia providers and with only a few subjects per provider. The approach proposed here can also be used to compare the good outcome rates of anesthesia providers when the outcome is binary (good vs. poor, etc.). This small sample size issue increases the advantage of using Bayesian methods instead of traditional frequentist methods. An additional application of this Bayesian method is to perform a meta-analysis, where the stratification is by study [28] .
Conclusion
The proposed Bayesian outlier detection method in the mixed effects model adjusts appropriately for sample size in each center and other important covariates. Although there were differences among IHAST centers, these differences are consistent with the random variability of a normal distribution with a moderately large standard deviation and no outliers were identified. In addition, no evidence was found for any known center characteristic to explain the variability. This methodology could prove useful for other between-centers or between-individuals comparisons, either for the assessment of clinical trials or as a component of comparative-effectiveness research.
Appendix A: Statistical appendix
A.1. List of potential covariates
The potential covariates and their definitions are: treatment (hypothermia vs normothermia), preoperative WFNS score(1 vs >1), age, gender, race (white vs others), Fisher grade on CT scan (1 vs others), pre-operative NIH stroke scale score (0 vs others), aneurysm location (posterior vs anterior), aneurysm size (largest diameter of first aneurysm ≥ 25 vs <25), history of hypertension (yes vs no) and interval from SAH to surgery (0 to 7 days vs 8 to 14 days).
A.2. Deviance Information Criterion (DIC)
The expected predicted deviance is suggested as a measure of model comparison and adequacy to compare the fit of different models to the same data [18, 19] . The deviance information criterion (DIC) is the difference between the estimated average discrepancy and the discrepancy of the point estimate and is a single number.
The model with a smaller DIC value is preferred to the model with a larger DIC.
A.3. Justification and Description of Prior Distributions
Prior distributions for the overall mean (μ), main effects of treatment, coefficient corresponding to preoperative WFNS score, gender, race, Fisher grade on CT scan, pre-operative NIH stroke scale score, aneurysm location, aneurysm size, history of hypertension and interval from SAH to surgery are assumed to be a normal distribution with mean zero and standard deviation 10. This distribution is not very informative. Because age is measured in years, and has a wider scale, the prior distribution for the regression coefficient of age at randomization is a normal distribution centered zero with standard deviation 1. Similarly, the prior distribution for the coefficient corresponding to interaction of age by any other covariate is normally distributed with mean zero and a standard deviation of 1.
As explained in the Bayesian Methods Applied to the IHAST Trial section, the prior distribution for the between-center variance (σ e 2 ) is assumed to be an inverse gamma distribution with mean 0.667 and standard deviation 0.471. For this Inverse Gamma distribution, the prior probability is 95% that any center's log odds of a good outcome lies between 31% and 92%. This prior probability distribution is illustrated in Figure 4 .
A.4. Calculating the Prior Probability of Being an Outlier
An outlier can be defined based on specifying the prior probability of not having any outliers as very high, say 95%. Then the prior probability of a specific center k being an outlier when there are n centers is 2Φ(−m) where m = Φ -1 [0.5 + ½ * (0.95 1/n )] [22] . For example, when comparing 30 centers, n = 30 and m is 3.137 and the prior probability of being outlier for a specific center is 0.0017.
A.5. Treatment and Gender as Covariates in the Final Model
In the model selection process using the DIC criterion, treatment effect is not an important covariate. However, given that in IHAST subjects are randomized to treatment, hypothermia or normothermia, this covariate is included in the final model. Similarly, according to DIC criterion gender is not an important covariate, however as the interaction between gender and treatment effect is deemed important it is included.
A.6. Appendix
The members of IHAST were as follows: University Figure 4 The probability density function for σ e and 95% prior probability interval.
